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Fig.1 Sepsis prognosis model architecture based on multilayer perceptron and federated learning
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Table 1 Comparison of different models in evaluating 30-day ICU mortality risk of sepsis patients

FS i HER % ROC £ T 1 A 1 % A ] R F -4y
DT 0.807 0 0.807 0 0.793 9 0.829 2 0.8112
SVM 0.847 7 0.9225 0.8390 0.860 5 0.849 6
XGBoost 0.873 1 0.9217 0.9337 0.803 1 0.863 5
No-FS GB 0.8812 0.9317 0.974 7 0.782 8 0.868 2
RF 0.908 8 0.963 4 0.968 5 0.837 2 0.9017
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MLP 0.926 4 0.976 0 0.9133 0.942 2 0.927 5
MLP B 0.886 7 0.951 2 0.886 8 0.886 5 0.886 7
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Fig.3 Visual comparison of evaluation metrics for different models

AR SPPM AT FL ik Al 1 2 FR IR 16 £ 50 0%, 76 K00 19 i 9 [ I O B 7 R Bl o sl
DL 224, 250 R e 98 41l 42 45 vh i B AR AR R e &R
3.4 HEEZIG

AR S 3 S VE AL T 2 RRAE T 2R SR M X BT M BE A S S 06 25 R UK | R A 0k B T 4R R AR
TR 0 o A O L AR . 3R 2 R 4 TR, 2R HE AT R AE %k B R, MLP BERL A ACC N
0.926 4, SR, 24 R JH B — R AF 2 £ 07 25 (40 XGBoost) J5 , MLP #5550 (14 i i 08 A 32 T, 35 5 0.937 7,
IX 3R Y B — R AT S 5 3 A ol R R A A T T B — BT . R YR ) 2 AR AT i
PO IE G B SRS, B SPPM AR, A R B HR T 2 0.969 0. W3 M PEREHR TR W], ZARE R By



878 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 3, 2026

K2 ETSHUELENSHEMIEER

Table 2 Results of ablation experiments based on multi-feature data division
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Fig.4 Performance comparison of SPPM with conventional feature selection methods
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A Sepsis Mortality Risk Prediction Model Based on Multi-feature Federated Learning

WEN Ting', YU Lei*", LI Laquan®

(1. School of Mathematics and Statistics, Chongqing University of Posts and Telecommunications, Chongging 400065, China;

2. Emergency Department, The Second Affiliated Hospital of Chongqing Medical University, Chongqing 400010, China)

Abstract: Sepsis refers to a systemic inflammatory response resulting from infections, and it carries a high
risk of mortality in intensive care settings. Existing predictive models often rely on extracting single feature
subsets from a larger set, failing to fully utilize the complex interactions between feature subsets, known as
structural mutual information. This limitation reduces prediction accuracy. Structural mutual information
not only captures dependencies between features at the same level of granularity but also reveals complex
relationships across different granularities, enabling more precise detection of subtle changes in a patient’s
condition. To address this limitation, this study presents a novel sepsis prognosis model that deeply
explores the structural mutual information within electronic health records, significantly enhancing the
accuracy of mortality risk predictions. Experimental results show that the proposed model achieves notable
improvements in predictive accuracy, providing clinicians with more dependable mortality risk assessments
and clearer decision-making support.

Highlights:

1. Propose SPPM, a sepsis mortality risk prediction model based on multi-feature joint learning, which
exploits structural mutual information among clinical feature subsets to improve 30-day ICU mortality risk
assessment.

2. Develop a multi-subset learning strategy that combines multiple feature selection algorithms with
customized MLP predictors, enabling different clinical feature groups to capture complementary risk
patterns from electronic medical records.

3. Integrate federated learning-based model aggregation to enhance prediction performance while reducing
direct dependence on centralized raw patient data, providing a privacy-aware framework for clinical
decision support.
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